Uncertainty analysis in LCA studies has been subject to major progress over the last years. In the context of waste 28 management, various methods have been implemented but a systematic method for uncertainty analysis of waste-29 LCA studies is lacking. The objective of this paper is (1) to present the sources of uncertainty specifically inherent to 30 waste-LCA studies, (2) to select and apply several methods for uncertainty analysis and (3) to develop a general 31 framework for quantitative uncertainty assessment of LCA of waste management systems. The suggested method is a 32 sequence of four steps combining the selected methods: (Step 1) a sensitivity analysis evaluating the sensitivities of 33 the results with respect to the input uncertainties, (Step 2) an uncertainty propagation providing appropriate tools for 34 representing uncertainties and calculating the overall uncertainty of the model results, (Step 3) an uncertainty 35 contribution analysis quantifying the contribution of each parameter uncertainty to the final uncertainty and (Step 4) 36 as a new approach, a combined sensitivity analysis providing a visualization of the shift in the ranking of different 37 options due to variations of selected key parameters. This tiered approach optimizes the resources available to LCA 38 practitioners by only propagating the most influential uncertainties. Waste management has during the last decade been subject to a range of life cycle assessment (LCA; described in 48 ISO, 2006) studies e.g. Damgaard et al. (2011 , Lazarevic et al. (2010) and Pires et al. 49 (2011). The purposes of these studies have been to help quantifying, for example, where in the waste management 50 system the environmental loads and savings are taking place, which technologies are preferable under specific 51 conditions, or the balance between material and energy recovery. LCA-models specifically focusing on waste 52 management systems are available; see Gentil et al. (2010) for a review of the models. 53
7
should be included and the decision of leaving out processes, called a cut-off, should be justified. The most-frequent 173 way of aggregating inventories is the process-LCA technique: a bottom-up approach which uses process-specific 174 data gathered at the plant's scale and chains of processes (the top-down approach, called input-output-LCA, IO-LCA, 175 is explained further). In process-LCA the practical difficulty is to evaluate a priori if a process will be significant and 176 should be included in the assessment (Finnveden et al., 2009 ). This decision should be based on a scientific 177 justification of the small environmental relevance of an input or output stream in comparison with the environmental 178 relevance of the main streams: however this is often poorly justified (Suh et al., 2004) . In waste management, the 179 treatment of ashes or gypsum produced in incineration plants is often disregarded, but when making this choice, 180 modellers must be certain of the absence of high-value metals in these ashes. Another common cut-off is the 181 exclusion of capital goods from inventories. Frischknecht et al. (2007) have investigated the contribution of capital 182 goods to several environmental impacts for a range of products and services of the database ecoinvent v1.2. In their 183 study, capital goods contributed 6.6% of the acidification potential for incineration and 45% for sanitary landfills. 184
The underestimation of impacts induced by cut-offs is often called a truncation error and several studies 185 have tried to quantify it by using IO-LCA (Lenzen and Treloar, 2003) . The IO-LCA originates from the input-output 186 analysis and is a top-down technique: it uses sectorial monetary transactions to model exchanges between industries 187 in a national economy (Suh et al., 2004) . Thus where process-LCA has finite boundaries, IO-LCA includes all 188 interconnections between industries. This means that capital goods are systematically included in IO-LCA, e.g. the 189 impacts of the construction of an incineration plant, but also higher orders of service like the impacts of the transport 190 sector for bringing materials to the construction site. In this way, IO-LCA gives a more complete impact assessment 191 than process-LCA. However it suffers from other uncertainties in particular the high level of aggregation of data and 192 the conversion between monetary and physical flows (Reap et al., 2008) . A hybrid LCA technique has been 193 introduced to take advantages of process-LCA and IO-LCA, see Suh et al. (2004) and Finnveden et al. (2009) 195 Another system boundary issue in consequential LCA is to consider all consequences of a decision. In the 196 example of paper recycling, waste management systems can be expanded to take into account the effects of saved 197 biomass: the newly available quantities of wood produced by forestry can be sent to energy production which will 198 substitute for energy production from fossil fuels. Merrild et al. (2008) have shown that this change in system 199 boundaries had a determining effect on assessing the environmental performances of paper recycling over 200
incineration. 201
Depending on the study, this carbon sequestration is either accounted as an avoided emission of CO 2 or else not 242 considered . 243
244
Time horizon of impact characterisation: This is the time period during which the fate, exposure and effects of 245 each emission are modelled to calculate characterisation factors. A hundred years is a common choice but if other 246 time horizons were selected, characterisation factors of emissions could vary significantly. For example the 247 characterisation factors of methane for global warming rises from 7.6 (kg CO 2 -eq / kg CH 4 ) for 500 years, to 25 for 248 100 years and up to 72 for 20 years (Ramaswamy et al., 2001 ). This has a particularly large influence on results from 249 waste-LCAs because of the methane emissions from anaerobic decomposition of organic materials common in waste 250 management systems. 251 252 Allocation: Allocation is one of the two ways of handling multi-functional processes (Finnveden et al., 2009) . Waste 253 management is often dealing with multi-functional processes such as an incineration plant which has the functions of 254 treating waste, producing energy and recovering materials. In most cases, waste-LCAs will use systems expansion to 255 deal with these processes by accounting for the substitution of primary energy and virgin material productions. 256
However, system expansion is a demanding work and it is common to perform allocation for higher-layer processes 257 for example in a combined heat and power plant. 258 259 Normalisation and weighting: The impact assessment phase involves many choices, for instance the normalization 260 and weighting methods to use and their reference periods and scales. This will have a substantial influence on the 261 importance given to each impact category and consequently on the final recommendation. 262 263
Parameter uncertainties 264
Each specific parameter in the model has inherent uncertainty and/or variability. The ones particularly relevant in the 265 context of waste management systems are listed in Table 1 ; some of them will be further discussed in the case study. 266
Methods for uncertainty analysis of waste-LCA studies 269 270

Selection of methods 271
Various methods for sensitivity and uncertainty analyses have been developed in scientific and engineering 272 modelling; as presented by Saltelli et al. (2006) . No single best method can be applied to all models: the choice 273 depends on different criteria, namely the nature of the model, the requirements of the analysis and the resources 274 available especially in terms of software (Morgan and Henrion, 1990) . In this study, methods were selected that are 275 adapted to different levels of available resource and to different waste-LCA models, that are relatively simple in 276 terms of continuity and complexity. 277
It is fundamental to start by defining the requirements of the analysis in terms of expectations. A common pitfall 278 is to perform an analysis without having a clear goal. Morgan and Henrion (1990) 
Sensitivity analysis 285
Sensitivity analysis aims at identifying sensitive inputs. Local one-at-a-time approaches were selected because 286 calculations are simple to implement and results easy to communicate, which is why these techniques have been the 287 most used among the scientific community for years (Saltelli et al., 2006) . Like any method, they have limitations in 288 particular related to non-linearity in waste-LCA models but they provide useful first approximations. Other methods 289 including global sensitivity analysis are presented by Saltelli et al. (2006) and might be more adapted to other types 290 of models. 291 292
Contribution analysis 293
Contribution analysis is used very often, although not always identified as a sensitivity analysis. It is a self-evident 294 method presented by Heijungs and Kleijn (2001) . Contribution analysis consists in decomposing the LCA result 295 (characterised, normalised or weighted impact) of a system into its individual process contributions, providing a 296 quick overview of the important contributors. Processes that have both positive and negative impacts have to be 297 subdivided into their sub-components, to avoid neglecting important processes. For example an incineration process 298 might have an impact close to zero, but as the net total of high direct impacts (fossil CO 2 emission from burning ofplastic) and high avoided ones (produced electricity substituting fossil CO 2 emissions from a coal-burning power 300 plant). 301 302
Perturbation analysis 303
Perturbation analysis is used to assess the influence of parameter uncertainties (Heijungs and Kleijn, 2001 
Scenario analysis 314
This sensitivity analysis consists in testing different options individually and observing the effect of these changes on 315 the final result. The new results obtained for each scenario can easily be compared with the baseline results to 316 identify the uncertainties that change some scenario result significantly or the ranking between alternatives. 317 318
Combined sensitivity analysis 319
In this analysis two parameters are varied simultaneously and the change in the results is observed, for example the 320 difference between the two scenarios' results. The aim is to find the conditions for which the ranking of scenarios 321 may change. This can be visualized in a two dimensional contour graph with contour lines showing the difference 322 between the two scenarios. Scenario and model uncertainties could be analysed as well by performing separate 323 calculations using different scenarios and models. 324
Uncertainty propagation 328
Uncertainty propagation consists in propagating input uncertainties to calculate the result's uncertainty. Before 329 propagating them, the practitioner has to choose a representation for these input uncertainties. A short introduction to 330 the question of uncertainty representation is given in section 3.3.1. For this case study, the probability theory was 331 adopted and a sampling propagation method selected. An analytical method could as well have been implemented, 332 e.g. the first order approximation from the Taylor series as explained by Morgan and Henrion (1990) , but it is 333 impractical in the case of waste-LCA models because it requires lots of resources to express each LCA impact as a 334 function of all input parameters. Hong et al. (2010) performed analytical uncertainty propagation in an LCA study. 335
Among sampling methods, the Monte Carlo analysis was chosen because it is the most common method and 336 the calculation was fast enough. If larger data or more complex modelling was used, a more efficient sampling 337 method could be used such as the Latin Hypercube technique (Morgan and Henrion, 1990) . 338 339
Choice of representation 340
Two main approaches can be chosen to represent uncertainties: the probability and possibility theories. In the case 341 study presented below, it is assumed that all uncertainties can be represented by single probability distributions, even 342 though there may be little data to substantiate these distributions in a statistical sense. If so-called "subjective" 343 probability distributions (Savage, 1954) are selected for representing each uncertain parameter, then uncertainty 344 propagation can be performed using the Monte Carlo method. 345
It is recognized, however, that this is not necessarily the case, especially considering that in real-world 346 waste LCAs, epistemic uncertainties (reflecting paucity of information) generally dominate and therefore the 347 modeller must rely on information sources such as expert (or personal) judgement, literature data, scarce 348 measurements, etc. Alternative tools have been developed for representing uncertainty with an aim of consistency 349 with available information. Such tools range from simple min-max intervals (as in Chevalier and Le Téno, 1996) to 350 fuzzy sets (Dubois and Prade, 1988) or, more generally, imprecise probabilities (Shafer, 1976; Walley, 1991) . researchers (e.g. Ferson and Ginzburg, 1996) , the arbitrary selection of probability distributions in the presence of 353 incomplete information, especially associated with the common hypothesis of parameter independence, leads to 354 severe underestimation of the likelihood of outlier results. Yet in a context of aversion to risk (e.g. of greenhouse gas 355 emissions), outliers are of significant importance for the decision-making process. 356 computing the result using the model. By performing this procedure a large number of times, a frequency histogram 362 is constructed from the results and a probability distribution representing model results can be computed. While 363 independence between model parameters is assumed below, dependencies between parameters can be accommodated 364 using rank correlation methods (Connover and Iman, 1982) . Adopting the point of view of Morgan and Henrion 365 (1990), scenario and model uncertainties were not modelled in the probabilistic modelling: decision variables and 366 value parameters are better assessed by performing separate uncertainty propagations using several « plausible » 367 scenarios and models in the calculations, to reflect the variability of possible outcomes. 368 369
Discernibility analysis 370
While uncertainty propagation yields the probability distribution of the LCA results for each scenario, discernibility 371 analysis provides the distribution of the difference between the scenarios' results (Heijungs and Kleijn, 2001 ). This 372 can be important because some uncertainties may have the same influence on the scenarios but no influence on the 373 differences between them. For instance, if two scenarios have the same consumption of electricity and the electricity 374 mix is uncertain, both scenario results will have uncertainty but this should not affect the difference between them. 375 Therefore the final decision should not be affected by this uncertainty. 376 377
Uncertainty contribution analysis 378
The uncertainty contribution analysis, also called key-issue analysis, consists in calculating the contribution of each 379 parameter uncertainty to the calculated uncertainty (Heijungs et al., 2005) . This method is different from perturbation 380 analysis (Section 3.3.1) because input uncertainties are included in the calculation. An analytical calculation based on 381 the first order approximation of the Taylor series was chosen because a simplified method (called later the SC 382 method) was identified and applied. Other methods based on sampling uncertainty propagation can also be used, as 383 described by Morgan and Henrion (1990) . This method is based on the additive property of variances and uses the 384 first-order terms of a Taylor Series expansion. Considering two variables x and y independent and normally (or at 385 least symmetrically) distributed and z a function of these variables, the variance of z can be approximated by: 386
Thus, the relative contribution of the uncertainty in x to the uncertainty in z is: 388
The results obtained with the analytical method and the SC method are compared in warming factors (GWF) of all sub-processes were calculated. GWF are defined as the impact on global warming of 406 the waste management system and expressed in kg CO 2 -eq per tonne of waste treated. They were directly used for 407 one-at-a-time sensitivity analyses, while they served as inputs in a MATLAB (R2010b version) program to perform 408 the uncertainty propagation and the combined sensitivity analysis. 409 410
Case study 411
The case study aims at evaluating the benefits of sorting organic kitchen waste at the source and sending it to 412 anaerobic digestion (AD), versus incineration together with residual waste. The functional unit is the collection and 413 treatment of 1 tonne of organic kitchen waste from households in Denmark in 2011. 414 Christensen, 2006a Christensen, , 2006b . 421
In the first scenario, the organic waste is routed with the residual waste to an incineration plant, while in the 422 second scenario the organic waste is sorted at the source and brought to an AD plant. Both plants are located 10 423 kilometres from the collection area and the vehicles transporting the waste use diesel and subscribe to the Euro3 424 exhaust standard. Two different collection technologies were used: organic waste collected as part of the residual 425 waste used 3.27 L diesel/t, while separately collected organic waste used 7.2 L diesel/t. 426
The incineration plant used to represent incineration in Denmark is based on data from the plant located in 427
Aarhus. It is a grate incinerator with mixed flue gas cleaning (two lines with wet, one with semidry) and has 20.7% 428 electricity and 74% heat recovery based on the lower heating value (LHV) of the waste. Bottom ashes are transported 429 50 kilometres away to be landfilled, while air pollution control residues and fly ashes are shipped to Norway to be 430 utilized for neutralization of waste acid. 431
The AD plant represents the state of the art in Western Europe (Møller et al., 2010). The gas produced is 432 used in a gas turbine which recovers electricity (39% efficiency) and heat (46%). The digestate, which has 97% 433 water content, is transported 30 km away to be used on agricultural land where it substitutes for the uses of N, P and 434 K fertilizers (Bruun et al., 2006) . Carbon sequestration was accounted for. In both scenarios, the energy system is 435 based on marginal electricity and heat productions from hard coal. Concerning the heat production, the substituted 436 technology is a combined heat and power (CHP) plant located in Aarhus and the allocation is made based on exergy 437 
Contribution analysis 441
Both scenarios have beneficial GWF: -357 kg CO 2 -eq/t waste collected for the incineration scenario and -301 kg 442 CO 2 -eq/t for the AD scenario. Figure 1 presents the contributions of all processes to the two scenarios' GWF and the 443 details for the three processes that contribute both to direct and avoided emissions. 444
The two scenarios obtain almost equal benefits. The AD scenario obtains benefits from both the energy 445 recovery (-398 kg CO 2 -eq/t waste) and from the land application of digestate because of the substitution of fertilizerproduction (-60 kg CO 2 -eq/t waste) and carbon sequestration (-41 kg CO 2 -eq/t waste). Incineration obtains 21% more 447 benefits from energy recovery than AD because the LHV of the collected waste is 4.8 GJ/t while the energy 448 contained in the biogas produced anaerobically is 2.9 GJ/t waste. In addition, the heat recovery is much higher in the 449 incinerator (74%) than in the gas engine (46%). At the same time, the AD scenario has larger loads than the 450 incineration scenario. While the direct loads from the waste treatments are almost equal, the difference between the 451 two scenarios' loads originates from the use on land of the digestate, which generates emissions of nitrous oxides and 452 a consumption of diesel. 453 454
Perturbation analysis 455
Sensitivity coefficients (SC) and sensitivity ratios (SR) were calculated for all parameters of the two systems. 456
Variations of +10% and -10% were generated for 55 parameters and only the highest of the two SR values was 457 retained. The analysis shows that three parameters have SR values greater than 1 (as absolute value) for the 465 incineration scenario, meaning that a variation of their value induces a larger relative variation in the scenario's 466 GWF. These parameters are all related to the waste composition. For the AD scenario four parameters have such 467 high SR: the methane yield and the electricity recovery are parameters of the digester, while the methane potential 468 and water content are properties of the treated waste. It can be noted that the water content has a significant negative 469 influence on both scenario performances as it dictates how much solid is available for energy production, since the 470 amount of waste is depicted as wet weight. 471
The use of SR is particularly useful for evaluating the sensitivity of the model to parameter uncertainties and 472 comparing them in order to select important parameters for the uncertainty propagation. It also helps to identify 473 needs for further data collection. Between the two ratios, SC is quite easy to communicate but is not well suited for Choice of electricity substitution: In this consequential LCA, we assumed that the electricity production was 497 marginal electricity produced from coal, emitting 1.042 kg CO 2 -eq/kWh. Both scenarios were tested with a marginal 498 electricity production in natural gas CHP plants with steam turbine emitting 0.616 kg CO 2 -eq/kWh. Benefits of the 499 two scenarios decreased: -25 % for the incineration scenario and -39 % for the AD scenario. 500
501
Choice of heat production: In the two scenarios heat production was modelled as substituting for heat production at 502 a coal-fired CHP plant. The allocation between electricity and heat production at the CHP plant was based on exergy, 503 so the substituted heat production had low carbon emissions: 0.194 kg CO 2 -eq/kWh. A high carbon-emitting heat 504 production was modelled to observe the effects on the two scenarios' GWF. A heat production at a hard coal 505 industrial furnace emitting 0.472 kg CO 2 -eq/kWh was used. The incineration scenario obtained 77% more benefits 506 and the AD scenario 35% more because the incineration plant recovered more heat than the AD plant. This choice 507 changes the results significantly but does not change the scenario ranking. 508 second one emitted 16.34. The net benefit of the AD scenario increased by 1.4%, which did not modify the scenario 512 ranking. 513
514
Choice of incineration process: The incineration plant used to represent incineration in Denmark was based on data 515 from the plant located in Aarhus. To observe the impacts of this choice, another incineration plant, located in 516
Copenhagen, was used. This plant is a grate incinerator with wet flue gas cleaning and has 17.9% electricity and 78% 517 heat recovery based on the waste LHV. The benefits of the incineration scenario decreased from -357 to -272 kg 518 CO 2 -eq/t waste, due to both lower electricity substitution and higher energy and material consumptions in the plant. 519 520
Choice of AD plant:
The anaerobic digestion could as well be changed to examine the influence of this choice on 521 the results. However this treatment is parameterized to a great extent in the EASEWASTE model, using potential 522 methane yields for each material fraction as well as the content of methane in biogas and the energy recoveries of the 523 gas engine. As all parameters were tested in the perturbation analysis this change of technology was not tested. 524
525
Finally the contribution analysis showed that the treatment of bottom ashes and APC residues did not have a 526 significant impact on the GWF so no other option was studied for these residues. Minor material productions were 527 also discarded for the same reasons. The inclusion of capital goods could not be assessed due to lack of data. 528 529
Combined sensitivity analysis 530
The water content and heating value (of dry matter) were chosen to perform the combined sensitivity analysis. 531
Variations of these two parameters within chosen intervals were implemented and the difference between the AD and 532 the incineration scenario computed. The contour lines (50 kg CO 2 -eq/t) are presented in Figure 6 . The cross shows 533 the initial conditions for which incineration is favourable. If both parameters are varied, the relative benefits s change 534 and a shift of ranking between the two options can be visualized. 535 536
Results of uncertainty propagation 537
Choice of representation 538
For the purpose of stochastic modelling, probability distributions were selected for each model parameter. As the 539 purpose of this case study was to illustrate the different methods, these statistical parameters were mainly based on 540 expert judgement. They are presented in Table 2 . Section 3.3.1 discusses how other tools that are better suited forrepresenting expert judgement than single probability distributions, can be implemented in the uncertainty 542 propagation. 543
For consumptions of materials and energy as well as for emissions, log-normal distributions were adopted, 544 as they exclude negative value. For these parameters, geometric standard deviations were assumed using a method 545 adapted from Frischknecht et al. (2005) . The other parameters are waste properties and technical parameters of the 546 plants, such as methane yields and electricity recoveries, for which normal distributions were selected. Two 547 parameters reflect the uncertainty of the distribution between waste fractions. While all parameter uncertainties were 548 assumed to be independent, it is acknowledged here that the heating value and methane potential could be partially 549 correlated when considering biowaste. Finally, the uncertainties on methane potential and yield were applied only to 550 the two biowaste fractions (vegetable and animal) which contribute to more than 95% of the total methane 551 production of the source-separated organic waste. 552 553
Uncertainty propagation for all scenarios 554
The 24 parameters obtaining a SR higher than 0.05 in the perturbation analysis were implemented in a Monte Carlo 555 calculation with 10 000 iterations. Figure 4 presents results as relative frequency histograms as well as cumulative 556 relative frequency plots. 557
The histogram in Figure 4a distributes the calculated GWF relative frequencies between bins of 25 kg CO 2 -558 eq/t. This is useful for visualising the spread of GWF values around their means. The GWF of the incineration 559 scenario obtains a mean of -359 kg CO 2 -eq/t with a standard deviation of 104 kg/t, while the AD scenario obtains a 560 mean of -292 kg/t with a standard deviation of 76 kg/t. The cumulative relative frequencies in Figure 4b display the 561 same results in a different form which allows the identification of percentiles. For example, as indicated by the dotted 562 lines, the probability that the incineration scenario should obtain a benefit of at least 400 kg CO 2 -eq/t is 34%, while 563 the probability is only 9% for the AD scenario. In a similar fashion, 95% confidence intervals can be determined 564 with this plot: [-570; -166] (kg CO 2 -eq/t) for the incineration scenario and [-450; -154] for the AD scenario. 565 566
Discernibility analysis 567
The dispersed frequency diagrams obtained for both scenarios do not inform about the relative predominance of one 568 option over the other, because several parameters were used in the two scenarios, e.g. the electricity system and the 569 water content. Therefore a discernibility analysis was performed to compute the difference between the GWF of the 570 AD and the incineration scenarios. The relative frequency histograms and the cumulative relative frequency plots are 571 presented in Figure 5 . The difference between the two scenarios is 67 kg CO 2 -eq/t with a standard deviation of 74 572 kg/t. Using the cumulative probability distribution, it can be observed that AD obtains more benefits than 573 incineration in 18% of the cases. 574 575
Uncertainty contribution analysis 576
The contributions of the 24 parameter uncertainties to the overall uncertainty were calculated using both the 577 analytical (using Equation 4) and the SC methods (using Equation 5), for the two scenarios and the difference 578 between them. The results obtained by the two methods vary by less than 0.5 percentage points, confirming that the 579 simpler SC method can be used as a good approximation of the contributions. It should be noted that the analysis was 580 performed using Equation 3 even though some of the parameters were not symmetrically distributed and that the first 581 order terms of the Taylor series produce only an approximation. Consequently the sum of all contributions never 582 reaches 100%. 583
The results obtained with the analytical method are presented in Table 3 . The water content appears to be 584 predominant as it contributes to more than half of the uncertainty of both scenarios. However, as it has similar 585 negative effects on both scenarios, water content has less influence on the difference between them. The other 586 predominant parameters with respect to uncertainty of the incineration (resp. AD) scenario are the heating value and 587 the electricity recovery (resp. methane content, yield and electricity recovery) because they determine the energy 588 recovery of each treatment. 589
With respect to the final decision, the three most predominant parameters are the heating value and water 590 content of the waste and the electricity recovery from incineration. This analysis makes it possible to consider both 591 data input uncertainties and sensitivities of the model in order to identify the parameter uncertainties of primary 592 importance. 593 594
Discussion 595 596
Seven methods for quantifying the uncertainty of LCA results have been selected and applied in a comparative study 597 of two waste management systems. This study was reduced to two scenarios and one impact category but it led to 598 more general findings presented in this section. The presented study provides valuable insight into the possibilities 599 offered by each method as well as its limitations and the difficulties of implementation. Based on the 600 complementarities of these methods, as illustrated by the case study, we suggest that a tiered approach be used for 601 quantitative uncertainty assessment of waste LCA. The general approach is illustrated in Figure 7 . Following an 602 introductory step (Step 0), the sequential approach contains four separate steps: (Step 1) evaluating the sensitivity of 603 the result to each individual source of uncertainty, ( Step 2) representing parameter uncertainty based on availableinformation and calculating the uncertainty of the model's results, ( Step 3) analysing the origins of this uncertainty, 605 ( Step 4) visualising the shift of scenario ranking due to combined variations of key parameters. These steps start 606 from a coarse evaluation and evolve to achieve a more precise analysis of the uncertainty in each step. As the 607 complexity of the calculations and the amount of data required increase, the analysis can be applied on a decreasing 608 number of scenarios, impact categories or input uncertainties, in order to cope with resource limitations. In addition it 609 should be kept in mind that model uncertainties can rarely be assessed quantitatively but should be considered. They 610 can be accommodated by using several plausible alternative models and aggregating the results in a single restitution. 611
612
Step 0: Contribution analysis 613
This preliminary analysis should be performed on all scenarios and impact categories. All LCA results are 614 disaggregated to visualize contributions of every process to loads and savings. However, this analysis does not 615 provide any information on the sensitivity or the uncertainty of the results. Figure 1 provided an example of a 616 contribution analysis. 617
618
Step 1: Sensitivity analysis 619 A proper sensitivity analysis should always be performed on as many input uncertainties as possible. The method 620 suggests that parameter uncertainties are assessed by perturbation analysis (step 1a) comparing SR. Figure 2  621 provided an example of a perturbation analysis using SR. Model and scenario uncertainties should be analysed by 622 scenario analysis (step 1b) and not propagated in a stochastic modelling. Figure 3 provided an example of a scenario 623 analysis. This should be performed on all scenarios and as many impact categories as possible. It does not require 624 extra data collection and gives valuable information on how the model and the scenarios react to variations in the 625 input. Nevertheless it does not give any information on the uncertainty of the final result because it does not reflect 626 the actual input uncertainties. Sensitivity analysis is very valuable to find where more data collection is needed, 627 estimate the robustness of results and reduce the number of parameters for the uncertainty propagation. 628
629
Step 2: Uncertainty propagation 630
The choice of representation is of primary importance since the uncertainty in model results depends largely on the 631 uncertainties assigned to input parameters and scenarios (Step 2a). In this paper, we suggest adopting probabilistic 632 modelling techniques, that are widely used. The shortcomings of these methods in a context of incomplete 633 information have been referred to in section 3.3.1 and are currently being addressed in ongoing research. 634
As shown in the case study, if single probability distributions are assumed for all uncertain parameters, a 635 provides the modeller with the uncertainty relative to each scenario's results through parameter uncertainty 637 propagation (Step 2b). The uncertainty of the final decision is obtained by considering the difference between two 638 alternative scenarios in the discernibility analysis (Step 2c). Considering the amount of data required in order to 639 inform the uncertainties pertaining to input parameters, it is recommended to use the results of the sensitivity analysis 640 to reduce the number of uncertainties implemented in the uncertainty propagation. The number of scenarios and 641 impact categories investigated can also be reduced to the most critical ones. 642
Results of both steps can be presented as relative frequency histograms and cumulative relative frequencies. 643
Figures 4 and 5 provided an example of an uncertainty propagation using a Monte Carlo analysis. Results of the 644 discernibility analysis (step 2c) might be easier to communicate by presenting only the percentage of cases where 645 one option obtains more favourable results than the other, especially if there are more than two scenarios. 646
647
Step 3: Uncertainty contribution analysis 648
This analysis tells us which parameter uncertainties are the most important and can help prioritize further efforts in 649 data collection. The contribution of each parameter's uncertainty to the overall uncertainty can be easily 650 approximated with Equation 5 using results of steps 1a and 2a. Table 3 showed the result of an uncertainty 651 contribution analysis. 652
653
Step 4: Combined sensitivity analysis 654
This analysis illustrates the conditions under which one attractive scenario is favoured with respect to another 655 attractive scenario. An example of this result was presented in Figure 6 . The result of this analysis is relatively easy 656 to communicate and comparisons between more than two scenarios can be performed by adding more plots in the 657 same figure. However only two parameters can be varied at a time. Finally, implementation of this analysis requires 658 additional resources, either to parameterize the results or to run a large number of simulations. 659
660
The proposed sequential method for quantitative uncertainty assessment should be applied to all waste-LCA studies. 661
However, it can be reduced to steps 0 and 1 if time and available resources are limited, because these steps only 662 require an LCA model and no additional data. To implement waste properties and composition, the use of a 663 dedicated tool for waste management, e.g. the EASEWASTE model, is recommended because parameters can be 664 changed easily. For example, the definition of biogas production potentials of different waste fractions is facilitated 665 in a dedicated waste-LCA model.
Step 2 requires the use of additional features to implement a Monte Carlo analysis. 666
This has already been implemented in some LCA models. Then step 3 can easily be implemented by using results 667 from steps 1 and 2. Finally step 4 requires substantial additional resources.
Conclusions 670 671
LCA of waste management is subject to significant sources of uncertainty of diverse origins. In order to improve the 672 reliability of the results, uncertainties must be addressed in a systematic and quantitative fashion. We described, 673 based on a decade of experience, where the main uncertainties can be found within LCA -modelling of waste 674 management systems. A systematic sequential method to evaluate uncertainty in LCA studies of waste management 675 systems has been suggested and exemplified. It includes four steps with increasing calculation complexity and data 676 requirement. Modellers can adapt this method to their resources and should first focus on their requirements to 677 choose the right tools. 678
It has been recognized in this paper that in real-world situations of waste LCAs, the modeller is typically 679
confronted with different types of information regarding parameter uncertainties. The information might be "rich" 680
(when a significant number of measurements are available), in which case a statistical analysis of the data can 681 provide probability distributions describing parameter variability, or the information can be "poor" (when expert 682 judgement, literature data, scarce measurements or gross estimates have to be used), in which case alternative 683 uncertainty-representation tools may seem more consistent with available information (e.g. fuzzy sets and probability 684 
